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Abstract 
The collective behavior of crowds is thought to emerge from local interactions between pedestrians. One widely assumed 
interaction is heading alignment. We tested four dynamical models of alignment against human data from pairs of pedestrians. A 
“follower” walked with a “leader” while head trajectories were recorded.  In the simplest model, the follower's angular 
acceleration is proportional to the sine of the heading difference (r=0.71); additional damping or delay parameters did not 
improve the fit.  We conclude that alignment is controlled by nulling the heading difference. The results provide a cognitively-
grounded model of alignment that may be generalized to larger crowds. 
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1. Introduction 
Crowds of pedestrians are able to walk together with seemingly little effort, yet they often exhibit global patterns 
of coherent motion. Similar collective behavior across many species is thought to emerge from local interactions 
between individuals, according to principles of self-organization. Numerous theoretical models have been proposed 
to account for these swarm dynamics, often predicated on different assumptions (for reviews, see Couzin and Krause 
(2003); Schellinck and White (2011); Vicsek and Zafeiris (2012)). Common to many of these models is a set of local 
rules or forces that serve to coordinate the speed and direction (heading) of individual motion. For example, Self-
Propelled Particle models (Czirók and Vicsek (2000)) assume that an individual matches the mean motion direction 
of all neighbors within a given radius while speed is equated, whereas distance-based models seek to maintain a 
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constant distance from neighbors (Breder (1954)), and other models are various combinations of the two (Couzin et 
al. (2002);  Reynolds (1987)).  
However, relatively few models are based on evidence about the local rules that actually govern pedestrian or 
animal interactions. A key theoretical finding points out that the same pattern of collective motion can be generated 
by different rule sets (Vicsek and Zafeiris (2012)). Consequently, formal models may successfully reproduce global 
patterns yet fail to capture the underlying mechanisms; moreover, this result underscores the difficulty of inferring 
local rules from observational data on flocks, schools and crowds (Sumpter et al. (2012)).  Experiments on local 
interactions are thus necessary to decipher the perceptual coupling between neighbors, in order to formulate 
cognitively-grounded models of collective behavior (Moussaïd et al. (2011); Ondrej et al. (2010); Weitz et al. 
(2012)).   
The behavioral dynamics framework (Warren (2006)) offers such an experimental approach to collective 
behavior.  Individual locomotor behaviors and pedestrian interactions are studied in the lab and modeled as simple 
dynamical systems (Fajen and Warren (2003); Fajen and Warren (2007)), which are then linearly combined to 
generate more complex behavior (Warren and Fajen (2008)). The perceptual coupling between pedestrians is 
formulated as a control law that guides the behavior. We are currently developing this approach to account for 
collective crowd behavior (Bonneaud et al. (2012); Bonneaud and Warren (2012); Rio et al. (2014)). 
The goal of the present study is to investigate a critical component of collective motion: how an individual aligns 
their heading with a neighbor to yield a common motion direction. First, we set up an experimental paradigm in 
which pairs of pedestrians walked together, either following or side-by-side. The designated leader made a sequence 
of unpredictable turns while head trajectories were recorded. We then compared four dynamical models of the 
follower’s change in heading as they turned to align with the leader. The result is a simple cognitively-grounded 
model of heading alignment that may be generalized to multiple neighbors in a crowd. 
2. Experiment 
In the experiment, we recorded a “follower” walking either behind or beside a designated “leader”.  On each trial, 
the leader made two turns over about 20m.  We manipulated the turn sequence (LR, RL, LL, RR) and initial 
interpersonal distance (1, 2, 4m), while the turn magnitude and timing varied at will.  The time series of leader and 
follower head positions were analysed to estimate the coupling strength and time delay, and provide data for 
subsequent model testing. 
2.1. Methods 
Participants. 12 undergraduate students recruited from Brown University, 5 female and 7 male, participated in 
this experiment as part of a longer test session. 
Apparatus.  The experiment was conducted in a large hall (14.5 x 22.3m) at Brown University. Sixteen infrared 
motion capture cameras (Qualisys, Deerfield, IL) were placed around a 12 x 20m tracking area and used to record 
head position at a sampling rate of 60 Hz.  Each participant wore a lightweight bicycle helmet with 5 passive 
reflective markers on protruding stalks in a unique configuration, so each helmet could be identified. 
Procedure. The Following and Side-by-Side (SBS) scenarios were presented in separate blocks. In each block, 
one participant was designated as the “leader” and the other participant as the “follower.” The leader was trained 
and performed two practice trials before the follower entered the hall. The follower was instructed to walk together 
with the leader and stay with them if they changed direction, while maintaining a constant distance. On each trial, 
the participants walked to starting marks on the floor that specified the initial interpersonal distance (1, 2, or 4 m).  
The leader received covert written instructions about the turn sequence: Left-Right (LR), Right-Left (RL), Left-Left 
(LL), or Right-Right (RR). To initiate the trial, the experimenter gave a verbal “begin” command to both 
participants, who started walking forward. The leader then made two turns while walking about 20 m across the hall, 
varying the timing and magnitude of each turn at will. The four turn sequences and three initial distances were 
presented once in a random order, yielding 12 trials per block.   
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Design.  The experiment had a 2x3x4 factorial design: 2 walking scenarios (Following, SBS), 3 initial distances 
(1, 2, 4 m), and four turn sequences (LR, RL, LL, RR).  This was replicated in three sessions with different 
participants, for a total of 72 test trials.  
Data processing. Due to tracking problems in the large hall, head positions were successfully recovered on 75% 
of the trials.  There was thus a total of 54 usable trials, 32 trials in the Following scenario and 21 trials in the SBS 
scenario. The time series of head position in the horizontal plane were filtered using a 4th-order low-pass 
Butterworth filter with a cutoff frequency of .6 Hz. This was to remove tracker noise and reduce oscillations due to 
the step cycle. The heading direction was computed from the filtered position data as the displacement between 
successive frames. 
2.2. Results 
A representative trial from each scenario appears in Figure 1, which plots heading direction (in degrees, where 0Û 
corresponds to the long axis of the hall) as a function of time for both leader (red) and follower (black). Notice that 
in the Following scenario (Fig. 1a), each participant starts walking at roughly 0Û, the leader initiates the first turn, 
and then the second turn in the opposite direction, followed by the follower about a second later. The SBS scenario 
(Fig. 1b) is similar, except that the time delay is shorter. Qualitatively, the heading directions of leader and follower 
appear to be closely coupled. 
We performed cross-correlations between the time series of leader and follower on each trial, and identified the 
optimal delay as an index of the temporal coordination between participants. Histograms of the cross-correlation r 
and delay values appear in Figure 2 (positive delays indicate the follower lags behind the leader). The patterns 
suggest a similar coupling strength in the SBS (mean r = 0.93) and Following (mean r = 0.92) scenarios, but a 
shorter time delay in SBS (M = 219 ms, SD = 394) than in Following (M = 984 ms, SD = 786). The clusters around 
0 delay in both scenarios tend to reflect trials with less variation in heading and hence a weaker relation. Mean 
values of r and delay in each condition appear in Table 1; the mean r values were computed using Fischer’s z’ 
transform to correct for nonnormality (Martin and Bateson (1986)), and transformed back to a mean r.  
A two-way trials ANOVA on r found no main effect of scenario, F(1, 47)=0.19, ns, no main effect of initial 
distance, F(2,47)=0.75, ns, and no interaction, F(2,47)=1.99, ns. There is thus no indication that Following and SBS 
walking differ in coupling strength, or that coupling strength decays with distance. A similar two-way ANOVA on 
optimal delay revealed a main effect of scenario, F(1, 47)=16.93, p<0.001, but no effect of initial distance, 
F(2,47)=2.24, ns, and no interaction, F(2,47)=0.76, ns. This result confirms a shorter time-delay in SBS walking 
than in Following.  
Fig. 1. Time series of angular heading from two representative trials of scenario. (a) Following trial, LR turn sequence, distance 2 m. (b) SBS 
trial, RL turn sequence, distance 1 m. 
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Fig. 2. (a) Histogram of cross-correlation r values for all trials. (b) Optimal delay in ms between leader and follower. 
 
Table 1. Mean and standard deviation r and mean and standard deviation of delay (ms) for scenario and distance conditions. 
 Following     SBS    
Distance Mean r SD r Mean Delay SD Delay  Mean r SD r Mean Delay SD Delay 
1 m 0.95 0.34 615 479  0.95 0.36 179 277 
2 m 0.92 0.39 977 726  0.93 0.43 114 374 
4 m 0.87 0.55 1329 957  0.86 0.35 395 540 
All 0.92 0.46 985 786  0.93 0.41 219 394 
2.3. Discussion 
The human data demonstrate that heading direction is closely coordinated in pairs of pedestrians. The coupling 
strength between neighbors is high, with a mean cross-correlation near 0.92 whether they are walking Side-by-Side 
or Following, and independent of distance up to 4 m.  
On the other hand, the time delay is significantly shorter in SBS walking (mean = 219 ms) than in Following 
(mean = 84 ms).  This effect might derive from spatial constraints: when walking side-by-side, if the leader turns the 
follower must respond rapidly to avoid collision or separation. By contrast, in Following, a slower response serves 
to maintain the follower’s position behind the leader, whereas turning quickly will lead to a parallel path.  
Interestingly, we previously observed the reverse relation for speed coordination, in which SBS walking (mean=650 
ms, 1m distance) exhibits a longer time-delay than Following (mean = 420 ms, 1-4m distance) (Page and Warren 
(2013); Rio et al. (2014)).  It is possible that both effects are a consequence of perceptual constraints, for speed 
control in Following and heading control in SBS are both primarily driven by optical expansion, whereas speed 
control in SBS and heading control in Following may be driven by a slower response to change in the leader’s 
bearing direction.  
In sum, the experimental results provide clear evidence that heading alignment is strongly coupled in pedestrian 
dyads, and thus may be computationally modeled. 
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3. Model Simulations 
In order to better understand the dynamics of heading alignment, we compared four candidate models that 
simulate the follower’s response to change in the leader’s heading. We tested each model against the observed data 
from the preceding Experiment. Specifically, we simulated the time series of the follower’s heading on each trial, 
and iteratively fit the model’s free parameters. We investigated four dynamical models, each a variant of a basic 
model, described below. 
3.1. Candidate Models 
Linear model.  A simple control strategy is for the follower to null the difference in heading by turning to align 
with the leader’s heading with an angular acceleration that is directly proportional to the heading difference. 
Formally this is given by: 
( )F L FkI I I     (1) 
where ߶௅  is the leader’s current heading, ߶ிis the follower’s current heading, k is a free “stiffness” or gain 
parameter, and ߶ሷி is the follower’s angular acceleration. Thus, angular acceleration goes to zero as the follower’s 
heading aligns with the leader’s heading. 
Sine model.  Given that heading direction is a circular variable, however, treating angular acceleration as a sine 
function of the heading difference yields a better-behaved equation. Specifically, acceleration won’t blow up at large 
heading differences and gracefully decays to zero when leader and follower are heading in opposite directions (180Û, 
an unstable fixed point). This formula is given by: 
sin( )F L FkI I I      (2) 
Damped model.  Some models for pedestrian behavior include a damping term. This adds some resistance to 
change in the heading difference, reducing oscillations in the follower’s alignment with the leader’s. Formally this is 
given by: 
( ) ( )F L F L Fk bI I I I I                  (3) 
where ߶ሶ௅is the leader’s current angular velocity, ߶ሶி  is the follower’s current angular velocity, and b is a free 
“damping” parameter. 
Delay model.  A key result in the human data is the time lag between follower and leader. It’s clear that the time 
delay in the follower’s response is an important aspect of the coupling between two pedestrians. To introduce an 
explicit visual-motor delay into the model, we base the follower’s response upon the leader’s heading in a previous 
time step. The delay model thus computes the difference between the leader’s heading at time t-delay and the 
follower’s current heading at time t. Formally this is given by: 
  ( ) ( )F L Fk t delay tI I I               (4) 
where ߶௅ሺݐ െ ݈݀݁ܽݕሻ is the leader’s heading at an earlier timestep, and ߶ிሺݐሻ is the follower’s heading in the 
current timestep. The delay value used for all trials is the mean time delay from the human data (Following: 984 ms, 
SBS: 219 ms). The follower’s heading time series on each trial was simulated in Matlab using the time series of the 
leader’s heading and the follower’s heading as input to each of the four models. Performance was evaluated by 
computing the correlation coefficient (Pearson’s r) between the model’s simulated time series and the follower’s 
observed time series on each trial. 
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Fig. 3. Time series of leader, follower, and model angular heading in degrees for representative trials. (a) Four respective models of following 
trial, LR turn sequence, distance 2 m. (b) Four respective models of SBS trial, RL turn sequence, distance 1 m. 
3.2. Model Evaluation 
To find the best fitting parameters for each model, the Broyden-Fletcher-Goldfarb-Shanno method (Shanno 
(1985)) for numerical optimization was used to identify the parameter values that maximized r across all trials using 
a least-squares criterion. Because of the observed differences between the Following and SBS trials, separate 
parameter fits were performed for each scenario. These best fit parameter values were then used to re-simulate each 
individual trial with each respective model. A representative trial from each scenario simulated with each model is 
presented in Figure 3. Each panel represents the time series of the leader’s heading (red), the follower’s heading 
(black), and the model’s simulated heading (blue dashes). 
Mean Pearson r values were computed using Fischer’s z’ transform to correct for nonnormality, and then 
transforming the mean z scores back to a mean r. Table 2 presents the mean r values and standard deviations for 
each model in both scenarios, the number of parameters for that model, and the best-fit parameter values. The mean 
r is close to r = 0.72 for all models and scenarios. 
A one-way ANOVA on the transformed z’ scores for the four models with Following and SBS parameters found 
no statistical differences between any of the models, F(7,204) = 0.42, p = 0.89. Thus, all models were strongly 
correlated with follower’s heading. The basic linear and sine models had mean r values of 0.71, and adding damping 
(mean r = 0.72) and time delay parameters (mean r=0.71) did not improve the fit.  
 
Table 2. The mean and standard deviation of correlation coefficients (Pearson’s r), the number of parameters, and value of those parameters for 
every model and every scenario. 
Following  SBS 











Sine 0.72 0.22 1 k = 0.81  Sine 0.70 0.23 1 k = 0.69 
Linear 0.71 0.22 1 k = 0.47  Linear 0.71 0.22 1 k = 1.1 
Damping 0.72 0.21 2 k = 0.43  Damping 0.69 0.23 2 k = 0.59 
b = 0.02  b = 0.32 
Delay 0.71 0.21 2 k = 1.17  Delay 0.71 0.26 2 k = 1.21 
delay = 984  delay = 219  
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3.3. Discussion 
All four models performed equally well at simulating a follower aligning their heading with a leader. However, 
these models vary in complexity. Adding a free damping parameter to reduce angular velocity and oscillations in 
alignment provided no improvement to the model. Moreover, adding an explicit time delay to the model, estimated 
from empirical data, produced no improvement. Given that the heading differences between leader and follower in 
the present experiment were rather modest, no advantage was gained by using the sine function. However, given that 
this equation is better-behaved in the general case, we conclude that the sine model provides the best, simplest 
characterization of heading alignment in pedestrian walking. 
4. General Discussion 
The present results provide clear evidence that heading direction is strongly coupled in pedestrian dyads. 
Followers closely align their walking direction with a leader, irrespective of spatial position or interpersonal 
distance. On the other hand, the time-delay is significantly shorter in walking side-by-side that in following; this 
might be due to the spatial constraints on turning or to the visual constraints of the perceptual coupling. 
Using these observed trajectories, we empirically tested four dynamical models of heading alignment. The 
simplest models null the difference in heading with an angular acceleration that is a linear or sine function of the 
heading difference. Models with additional damping and time-delay parameters were unable to improve upon the 
basic model. We conclude that the sine model offers the simplest, most general model of heading alignment.  
Further tests of this model should probe larger heading differences, more leader eccentricities, and test a greater 
number of leader-follower pairs. 
In future experiments we plan to study individual participants walking in a virtual environment, so we can 
manipulate the trajectory and visual information for a virtual leader. This will allow us to test the sine model under 
more general conditions and develop a visual control law for heading alignment.  Second, a virtual environment will 
allow us to manipulate the behavior of a virtual crowd (Rio and Warren (2014)), enabling us to generalize the sine 
model to multiple neighbors. If the model scales up to larger crowds, it can be adopted as a valid rule or control law 
for heading alignment in large-scale simulations of collective motion. 
5. Conclusion 
The ability for two individuals to align their heading direction is a critical component of many models of 
collective behavior. In this study, experimental data on pedestrian dyads walking together provided clear evidence 
that heading is strongly coupled in both following and side-by-side walking, up to distances of 4m. We used this 
data to empirically test four dynamical models of heading alignment. The simplest and most general model nulls the 
difference in heading by driving angular acceleration as a sine function of the heading difference. In future work this 
heading alignment model will be generalized to larger groups of neighbors, and a visual control law will be 
experimentally tested. Our aim is a simple cognitively-grounded model of the visual coupling that can serve as a 
basis for understanding self-organized collective behavior. 
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